ABSTRACT Mental fatigue is a gradual and cumulative phenomenon that manifests in the weakening of human physiological activities for ubiquitous edge computing in the Internet of Things. In this paper, two groups of Stroop tasks with different difficulty levels are proposed to induce fatigue, which is evaluated via electroencephalogram (EEG). Wavelet packet decomposition and sample entropy algorithm are utilized to analyze the EEG signals in both sober and fatigue state. The experiment results show that compared with the sober state, the fatigue state has a higher α wavelet relative energy and θ wavelet relative energy and significantly lower β wave relative energy (P < 0.05). The ratio of parameters α/β and (α + θ )/β increases with the fatigue degree, and the sample entropy of each brain region shows a decreasing trend. Compared with the more difficult task group, the change of parameters in the low-difficulty task are more obvious. Hence, the suggested parameters α/β and (α + θ )/β can be used as potential indicators to measure mental fatigue, and the appropriate increase in the difficulty of the tasks may be inversely related to the generation of mental fatigue to some extent.
I. INTRODUCTION
Physiological mental fatigue is a critical problem which can seriously threaten health and property safety in urban areas for the applications of internet of things [1] - [4] . The mental fatigue of operators often cause instantaneous distraction, slow response, or lack of coordination, which can result in serious accidents during pursuits such as driving, aerospace activities, and man-machine system monitoring [5] . According to statistics, 21% of catastrophic accidents in the United States are related to driver fatigue, with approximately 6,400 deaths each year. According to Yeston Research Office, road traffic accidents caused by driving fatigue account for 10% of all traffic accidents. Furthermore, the French national accident report showed that 14.9% of personal
The associate editor coordinating the review of this manuscript and approving it for publication was Anfeng Liu. injuries occurred in car accidents caused by fatigue driving, accounting for 20.6% of fatal accidents. In China, the number of casualties caused by fatigue and driving also exceeded expectations. Thus, this is vitally important to determine methods to avoid fatigue in order to prevent serious harm in daily life. When a person feels fatigue, their brain waves behave differently, and the degree of fatigue can be measured by analyzing these brain waves. Therefore, the analysis and prevention of fatigue via electroencephalogram (EEG) is particularly important.
Existing methods of assessing mental fatigue are divided into two categories: subjective assessment and objective assessment. Subjective assessment is mainly carried out through questionnaires, providing a variety of mental fatigue information, such as the time and reason of fatigue generation, and the level of fatigue. Commonly used methods are Piper Fatigue Scale, Epworth Sleepiness Scale, and Stanford Sleepiness Scale [6] , [7] . However, the subjective assessment method is susceptible to the subjectivity of the researcher, and has some limitations in detecting the fatigue state [8] . In addition, the scoring systems cannot be calibrated and standardized easily, so the detection system will not always be able to report the correct driver fatigue state [9] . Objective assessment generally involves psychological index assessment methods such as electroencephalography (EEG) which is the measurement of brain signals [10] , eye motion signal electrooculography (EOG) [11] , and heart rate and heart rate variability (HRV) electrocardiogram (ECG) [12] . Among these physiological signal parameters, EEG signals are considered to be the most reliable indicator for analyzing brain waves, and is widely used in the study of mental fatigue due to its ability to reflect brain-related activities. The EEG signal is an important physiological signal that reflects the activity of the cerebral cortex by collecting changes in the scalp electrode potential. Because of the significant relationship with cognitive stimuli, EEG signal has been evaluated as one of the most appropriate methods for detecting mental fatigue caused by cognitive tasks [13] .
The most important factor in analyzing EEG is the feature extraction of EEG signals. At present, numerous existing EEG extraction methods are divided into time domain analysis, frequency domain analysis, and nonlinear analysis. Fast Fourier transform (FFT), autoregressive model (AR), and power spectral density (PSD) are frequency domain analysis methods. They extract the characteristics of EEG signals in frequency domain by transforming the EEG signals whose amplitudes change with time into power spectra, illustrating that EEG varies with frequency [14] . However, the shortcoming of these methods are that they are only suitable for the analysis of stationary signals, and cannot accurately analyze non-stationary signals like EEG signals. Wavelet transform method, which inherits and promotes the idea of localized short-time Fourier transform, is a time domain analysis method which can accurately monitor the local information of non-stationary signals with multi-resolution characteristics. Sample entropy is a typical nonlinear analysis method which can reflect non-linear characteristics by measuring complex EEG signals [15] - [18] . Non-negative number, which is calculated from EEG data information, is used to represent the complexity of the time series, and the birth rate of new information in the time series. Hence, more complex time series often results in greater sample entropy.
In this paper, the variation trend of energy ratios α/β and (α + θ )/β of α wavelet, θ wavelet, and β wavelet is analyzed from sober state to fatigue state in two groups of Stroop tasks with different levels of difficulties. Sample entropy is utilized to analyze the variation trend of the complexity of EEG signal under tasks with varying levels of difficulties in order to explore the feasibility of using EEG characteristics to evaluate EEG signals in fatigue induced tasks, and the effect of task difficulty on these EEG parameters.
The reminder of the rest paper is given as below. Section II introduces the system design method and conduct the experiments. Section III provides the simulation results and details of experiment analysis. Section IV concludes this paper and also gives some discussions about the future work.
II. SYSTEM DESIGN A. EXPERIMENTAL PREPARATION
Ten healthy subjects (six males and four females) with ages ranging from 19 to 25 are selected to participate in two tasks. All subjects are required to avoid coffee and drugs similar to cold medicine. Through a clinical examination, the ten subjects are all determined to be in good health, with regular exercise habits, and no central nervous system diseases. All subjects have volunteered to participate in the tasks, and supply written consent. Additionally, the subjects provide a commitment to try their best in all tasks, and must participate in two groups of tasks of different difficulty.
B. TASK DESIGN
The task used in the experiment is a classic psychological Stroop task, programmed on E-Prime software. Two groups of Stroop stimulation tasks are designed with different difficulty to induce the body's fatigue EEG signals. For low-difficulty tasks, different cards (colored red, yellow, blue, and green) appear on the screen without sequence. The fonts and colors are consistent with contradictory fonts and colors for high-difficulty tasks. Subjects observe the cards on the screen and press corresponding keys on the keyboard according to the colors of the fonts.
C. TASK STEPS
The venue is arranged for optimum soundproofing in the lab. According to the body's physical fatigue timetable, task times are set at 10:00∼11:00 am and 3:00∼4:00 pm. The ten subjects participate in two different Stroop tasks, and each task is scheduled for one hour. In order to determine the subjective fatigue level of the subjects during actual operation, each task is divided into 12 segments, each of which is counted for five minutes. In each of the five minute tasks, the subjects' reaction time and reaction button choices are recorded. At the end of each five minutes, subjects are asked to fill out the subjective fatigue scale (see Table 1 ), then quickly proceed to the next group of five minutes tasks. The EEG signals of the subjects are recorded continuously throughout all tasks.
D. SIGNAL ACQUISITION AND PREPROCESSING
The EEG signal acquisition uses the standard of 10-20 electrode lead calibration by the International EEG Association to place electrodes with binaural connection. Conductive paste is injected to enhance the conductivity of the electrodes. Then, FP1, FP2, F7, F8, T7, T8, C3, C4, O1, and O2 channels are recorded by the Neuroscan 64 EEG acquisition device. The M1, M2 channels are selected as reference electrodes, sampling frequency is 125Hz, and the impedance of each channel is less than 5k .
Subjective task data and behavioral data is analyzed by SPSS 13.0 software, and the data is tested for paired t-test in sober-to-fatigue state. The original EEG signals are very weak, usually around tens of microvolts. In the process of acquisition, a lot of noise is inevitably mixed in, including EOG, electromyography (EMG), and other physiological signal artifacts. Thus, the EEG signals are preprocessed to remove physical signal artifacts. In this study, the baseline drift and linear correction of the original EEG signals are first removed, then independent component analysis (ICA) is used to remove the related eye artifacts.
E. SIGNAL PROCESSING 1) WAVELET PACKET DECOMPOSITION
As the EEG signal is a time-varying and non-stationary signal, the important prerequisite for EEG analysis is to choose an appropriate method to obtain effective information that reflects brain activity and physiological status. In this paper, wavelet packet decomposition, a generalization of wavelet decomposition, is used to extract the features of the EEG signals. This method has the characteristics of arbitrary multiscale, which overcomes the disadvantage of decreasing frequency resolution with the increase of signal frequency in wavelet decomposition, and can carry out a more detailed analysis of the signals [19] . The frequency band is adaptively selected according to the characteristics of the analysis signal to match the signal spectrum [20] , so as to reflect the essential characteristics of the signal more accurately.
Studies have shown that normal EEG signals are mainly composed of four frequency components:
Therefore, the analysis of wavelet energy by wavelet packet decomposition can effectively evaluate the features of fatigue EEG signals. The wavelet packet decomposition formula is discussed as follows.
The source signal is represented by f (t), and after wavelet decomposition, 2 i subbands are obtained at the i-th decomposition layer. Thus, the source signal f (t) can be expressed as
where j = 0, 1, . . . , 2 i − 1, and f i,j (t j ) represents the reconstructed signal of the wavelet packet decomposition on the i-th layer node (i, j). According to Parseval's theorem and Eq. (1), the energy spectrum of the signal f (t), which is decomposed by wavelet packet, can be calculated as
where E i,j (t j ) represents the frequency energy of f (t), which is decomposed by wavelet packet on the node (i, j), x j,k0 (j = 0, 1, . . . , 2 i − 1, k = 1, 2, . . . , m denotes the discrete point amplitude of the reconstructed signals, and m represents the number of signal sampling points. Thus, the wavelet packet entropy can be calculated with the band energy value of each node
where P j represents the proportion of the energy value of each node in the sum of the energy, and WE is the wavelet entropy of each band. VOLUME 7, 2019 FIGURE 2. Wavelet packet three-tier decomposition.
In this paper, the sampling frequency is 125Hz, and the db2 wavelet function is used to decompose the EEG signal into three layers.
2) SAMPLE ENTROPY ALGORITHM
Sample entropy (SampEn) is a modification of approximate entropy (ApEn), used for assessing the complexity of physiological time-series signals, and diagnosing diseased states [21] .
(i) A series of one-dimensional discrete time sequences are given and constructed as a set of m-dimensional vectors. From N −m+1 vectors X (1), X (2), . . . , X (N − m + 1) defined by:
where i = 1, 2, . . . , N −m+1. These vectors represent m consecutive values of the signal, commencing with the i th point. (ii) The distance between any two vectors, X m (i) and X m (j), is defined as the maximum of the absolute distance between the scalar components of each vector:
This number is denoted as B i . For 1 ≤ i ≤ N − m, and two new values are defined and computed according to:
(iv) The methodology is then repeated, increasing m to m + 1, determining the number of vector matches, A i , and defining A m i (r) and A m (r), respectively:
(v) SampEn is then estimated as: where A m (r) is the mean of A m i (r). Two input variables, m and r, should be fixed to compute SampEn, in which m is the relative length of the runs, and r can be effectively considered as a filter. Here, m = 2 and r = 20% of the standard deviation of the EEG, are selected as suitable values.
III. EXPERIMENT RESULTS AND DATA ANALYSIS A. SUBJECTIVE DATA ANALYSIS
During each five minute task interval, subjects are required to fill out the subjective fatigue scale, and subjective brain fatigue scores are recorded. In this paper, the subjective fatigue scores of ten subjects are averaged for the two groups of tasks. The overall trend of subjective fatigue scores from sober to fatigue are then drawn, and results are illustrated in Fig. 3 .
As observed from Fig. 3 , the subjective fatigue scores of the two groups gradually rise with the increase of the task time. The changing tendency of the fatigue scores in low-difficulty tasks is much greater than high-difficulty tasks, thus it can be inferred that low-difficulty tasks are more likely to induce fatigue than more difficult tasks.
B. BEHAVIORAL DATA ANALYSIS
During the tasks, E-Prime is used to record the reaction time and reaction accuracy. In this paper, the reaction time and operation accuracy of the subjects within each five minute task interval are studied to analyze the parameter changes from sober to fatigue. By taking the reaction time average and the accuracy of the relevant operation within each five minute period, the trends of the reaction time and reaction accuracy in the two tasks are plotted and provided in Fig. 4(a) and 4(b) .
As illustrated in Fig. 4(a) , the average reaction time shows a gradual rising trend from the sober state to the fatigue state for low-difficulty and high-difficulty tasks. Compared with the high-difficulty group, the variation trend of the lowdifficulty group is more obvious. Further analysis shows that at the beginning of the tasks, the average reaction time of the high-difficulty task is greater than that of the low-difficulty task, as high-difficulty tasks require more reaction time to make judgments. However, with the progress of the tasks, the degree of fatigue in the low-difficulty group increases faster than that in the high-difficulty group, accompanied by an increase in reaction time. Furthermore, the mean reaction time of the two groups are significantly different (P < 0.05). As seen in Fig. 4(b) , for the two tasks, the average reaction accuracy of the subjects from the sober state to the fatigue state is gradually reduced. Also, compared with the highdifficulty group, the reaction accuracy of the low-difficulty group changes more significantly.
C. ANALYSIS OF EEG SIGNALS
In this paper, EEG signals in FP1, FP2, F7, F8, T7, T8, C3, C4, O1, and O2 channels are recorded and preprocessed before analyzing, as shown in Fig. 5 . The original EEG signals produce a baseline drift, and EEG signals in the very low frequency band (f < 0.5Hz) are often mixed low-frequency eye movement and blink artifacts, as well as artifacts produced by body movements. To eliminate these artifacts, a high-pass filter is used to filter the EEG signals below 0.5Hz, as shown in Fig. 6. 
1) ANALYSIS OF WAVELET PACKAGE DECOMPOSITION
The variation trend of the energy of the EEG signals in F7, F8, C3, C4, O1, and O2 channels is analyzed. The EEG sampling frequency is 125Hz, and the db2 wavelet function is used to decompose the EEG signals with three layers to obtain the frequency bands of the four seeds: α, β, θ, and δ. As the δ wavelet generally appears in the sleeping state of children, the subjects do not enter this state, so no analysis is performed.
Given the two parameters F = α/β and R = (α + θ )/β, where α is the wavelet entropy of EEG α rhythm, β is the wavelet entropy of EEG β rhythm, and θ is the wavelet entropy of EEG θ rhythm, the effects of different task difficulties on the energy of the related rhythm is compared. This is done by analyzing the variation trends of F and R transiting from sober state to fatigue state in both groups.
As shown in Fig. 7 (a) ∼ (d), the analysis of the H value and R value in F7, F8, C3, C4, O1, and O2 channels from sober state to fatigue state indicate that both the H and R values display increasing trends, and the results are significantly different (P < 0.05). Comparing the H and R values of the two different tasks shows that the increased degree of H and R values in the low-difficulty task is much greater than that in the high-difficulty task. It can be seen that the degree of relative energy change of α wavelet, θ wavelet, and β wavelet, and the degree of energy ratio change of the high and low frequency bands in the low-difficulty task are larger than that in the high-difficulty task. The low-difficulty task is illustrated to be more likely to cause fatigue, which is consistent with the subjective analysis.
2) SAMPLE ENTROPY ANALYSIS OF EEG SIGNALS
In this paper, the EEG signals in FP1, FP2, F7, F8, T7, T8, C3, C4, O1, and O2 channels are analyzed by the sample entropy algorithm to quantify the regularity of the different lead EEG signals during the whole fatigue process. By analyzing the changes of EEG complexity from sober state to fatigue state VOLUME 7, 2019 in two groups of Stroop tasks, the EEG signals are acquired from the beginning period (5 minutes) and the ending period (5 minutes), respectively, to study the effects of the tasks with different difficulty on fatigue induction.
As seen in Table 2 and Table 3 , from the sober state to the fatigue state, the sample entropy of EEG signals shows a decreasing trend in two groups of different difficulty tasks. This indicates that with the occurrence of the fatigue state, the complexity of EEG signals become increasingly lower. The conclusion is exactly the same as the physiological process of fatigue as in the sober state, people are in involved in complex thinking activities and EEG signals appear in very complex randomness together, with a much larger EEG entropy. With the gradual increase in the degree of fatigue, the activities of brain neurons and the sample entropy decrease gradually. Compared to the highdifficulty task, the degree of change of sample entropy in the low-difficulty task is much greater from sober state to fatigue state. Low-difficulty tasks induce fatigue in subjects more easily, which is consistent with the subjective analysis and wavelet packet analysis.
IV. CONCLUSIONS AND FUTURE WORK
In this paper, Neuroscan64 EEG3mple entropy algorithm. The findings are listed as follows: (i) Fatigue state index F and R gradually increased from the sober state to the fatigue state, and compared to the high-difficulty task, F and R varied much more in low-difficulty tasks. (ii) From the sober state to the fatigue state, the sample entropy of the subjects showed a decreasing trend, the complexity of brain activities was reduced, and the degree of change in low-difficulty tasks were higher than those in the high-difficulty tasks. (iii) A long simple repeated operation time was more likely to produce tedious mood and tiredness, which lead to mental fatigue. Therefore, the increase of task difficulty could combat the generation of mental fatigue to some extent. This paper presents a preliminary study of mental fatigue since we only considered two task difficulty levels in this study. In future work, more difficulty levels should be considered in order to analyze the effects of multiple difficulty levels on mental fatigue. In addition, the workload of EEG signal processing and analysis is too large. The beginning period and ending period of the signals are analyzed but omitting the intermediate process. Hence, the above factors should be considered fully to gather more comprehensive and accurate conclusions. Deep learning has been successfully applied in wireless communication and internet of things [22] - [27] . Hence deep learning is also a good candidate to solve problems in mental fatigue [28] .
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